This article assesses the effects of a "fat tax" on the nutrients purchased by French households across different income groups. This is done by making a preliminary estimation of price elasticities using a complete demand system on household scanner data, and by calculating nutrient elasticities using estimated price elasticities. We find that a fat tax has small and ambiguous effects on nutrients purchased by French households, and a slight effect on body weight in the short run, with a greater effect in the long run. Such a tax generates substantial tax revenue, but is highly regressive.
The World Health Organization (WHO) has recognized obesity and overweight as major worldwide public health concerns (WHO, 2000) . In France, Paraponaris, Saliba, and Ventelou (2005) assessed that the percentage of overweight or obese individuals had increased since 1980 from 32.9 to 37.5 for overweight and from 6.3% to 9.9% for obese in 2003 . In 1992 , Detournay et al. (2000 and Levy et al. (1995) estimated the medical cost of obesity in France to be in the range 0.6-1.1 billion euros, which represented 0.7-1.5% of the country's total health expenditures. The growing rate of obesity and the resulting economic externalities have led French health authorities to explore market interventions, such as taxes and subsidies, to modify food consumption and consequently body weight.
In particular, French state policy makers (IGF-IGAS, 2008) are questioning the efficacy of a special tax on food items high in calories, fat, or sugar-a "fat tax"-on household nutrient purchases. The objectives of this public policy measure are to decrease the sale of unhealthful food products, or at least to function as a disincentive to eating such products, and to generate revenue earmarked to support such health measures as subsidizing healthful foods, increasing physical activity, providing nutrition education, etc.
The objective of this study was to quantify the relevance and efficacy of a fat tax in France. We did this by answering three sets of questions: (1) What are the impacts of a fat tax on household purchases and nutrients purchased, and what are the short-and long-run effects of this tax on body weight? Although it seems intuitive that increasing the effective price of unhealthful foods should discourage their purchase, the whole impact of this increase on nutrients purchased, and especially on calories and total fat purchased, is not clear, given that food purchases are highly interdependent. 1 (2) How much revenue would such a tax raise? (3) How much would such a tax affect household economic welfare in the short term, and how regressive a political instrument is it? To answer these questions, we needed to assess how food prices affect food demand and nutrient purchases. In other words, price and nutrient elasticities needed to be estimated. We did this by estimating a complete Almost Ideal (AI) demand system using French household data collected by TNS Worldpanel between 1996 and 2001. 2 The study period was chosen to quantify the effects of the fat tax before the implementation of the first national nutrition and health program in France. 3 Thus, the effects of informational programs are not included in our analysis.
Most applied research heretofore has been based on incomplete food demand systems using either some strong separability assumptions, as in Bertail and Caillavet (2008) , or methodology developed by LaFrance and Hanemann (1989) , and thereby only partially assesses the price effects on purchases, in particular the trade-offs between various food items and/or nutrients. 4 For this article, a complete food demand system, which allows us to consider a very large set of interdependent demand relationships, was estimated to assess the global impact of a fat tax on households' nutrient purchases. To estimate a complete food demand model, we needed to have complete information (prices, expenditures, budget shares, etc.) over a large set of food items for all sampled households.
However, expenditures, quantities, and supply prices for some food items for any given household are not recorded in TNS Worldpanel data. To solve the problem of data incompleteness, we proposed a cohort model obtained by aggregating the AI demand system over cohorts. 5 The crucial step in this approach was to estimate the unobserved variables using a pre-model over cohorts. One of the technical contributions of this article is to show how the aggregation process leads to induced bias and heteroscedasticity.
In this study, we estimated nutrient elasticities for 32 nutrients in response to changes in 22 food category prices over cohorts for the period 1996-2001. In particular, we segmented households into six regions of residence and four income groups. We then used Huang's (1996) methodology, which consists of applying a nutrient conversion matrix to the price elasticities, to derive nutrient elasticities. Finally, the latter were used to see whether a fat tax reduces households' total energy purchases and to quantify the associated trade-offs between nutrients. In similar works, Marshall (2000) , and Mytton et al. (2007) for Great Britain and Chouinard et al. (2007) for the U.S. assessed the impact of a fat tax on household nutrient purchases. For France, Bonnet, Dubois, and Orozco (2008) and Etilé (2008) estimated the price elasticity of body mass index (BMI) to quantify the impact of a fat tax. However, all these empirical studies restrict their analysis to a small set of nutrients, and trade-offs between nutrients are therefore only partially assessed.
The household food-acquisition data contained in the TNS Worldpanel database has advantages over individual food surveys more commonly used to study the relationships between food and health in France. Households respond over a longer period of time (an average of four years in the TNS Worldpanel survey), which enables the observation of long-term behaviors and avoids the well-known biases of individual food surveys. In individual surveys, respondents may over-or underreport their consumption of certain foods of high or low nutritional value, respectively, either because they prefer to conceal the truth or because they do in fact deliberately increase or reduce their consumption for the short period of the survey. However, these data do not take into account the effects of food consumed away from home and do not reach the level of individual choice. Chesher (1997) and Allais and Tressou (2008) developed nonparametric methods to decompose a series of household quantities into individual quantities. But in light of the incompleteness of our database and the errors of approximation that follow from decomposition methods, as underscored in Allais and Tressou (2008) , we chose not to use these methods in the present study.
We found that, to have the greatest impact on households' total energy, cheese, butter, and cream, sugar-fat products, and prepared meals should be taxed, and that taxing these goods does reduce total calories purchased, via, in particular, the decrease in the amount of saturated fats purchased. But the effects are small and ambiguous-ambiguous because increasing the price of a food to reduce calories purchased generally also reduces purchases of other nutrients deemed good for health. Even more important, we found nutrient price elasticities to be remarkably inelastic, as in Huang and Lin (2000) and Beatty and LaFrance (2005) . These results call into question the effectiveness of tax policies intended to alter nutritional intakes, as highlighted by Mytton et al. (2007) and Chouinard et al. (2007) , and are consistent with the conclusions of Kuchler, Tegene, and Harris (2005) and for household food purchases. Regarding the im-pact of a fat tax on weight, we estimated that a 10% tax on food categories high in calories leads to quite small changes in the short run, with more substantial changes in the long run. However, in some cases, it could take more than seven years to achieve the longterm effects. Given that the taxed products are inelastic, fat-tax policies raise substantial revenues but, like Chouinard et al. (2007) , we found that this political instrument can be extremely regressive.
This article is organized as follows: We begin by presenting the data and the cohort construction, and then describe the estimation over cohorts of the unobserved data. Third, we lay out the aggregation procedure for the AI demand system and highlight the resulting estimation problems. Fourth, we present the estimation results and the demand and nutrient elasticities. Fifth, we assess the fat-tax policy based on changes in the purchases of 32 nutrients; short-and long-run variations in weight; level of revenue raised by the tax; and household-welfare costs. Finally, we conclude by wondering how the food industry would respond to a fat-tax policy, and whether it might be more effective to use the credible threat of a fat tax to urge voluntary approaches by the food industry to reduce calories in food products, via decreasing saturated-fat content.
Data and Cohort Construction
This section begins with a presentation of the data used and an explanation of why the construction of cohorts was needed to estimate a complete food demand system in France.
Then we detail the construction of the cohort.
The Data
TNS Worldpanel is the principal source of information on food purchases in France. Each annual survey contains weekly food-acquisition data for approximately 5,000 households, with an annual rotation of one-third of the participants. The households are selected by stratification according to several socioeconomic variables, and remain in the survey for a mean period of four years. All participating households register grocery purchases through the use of bar codes. To register grocery purchases without a bar code, each household is assigned to one of two groups to alleviate its workload. Each group (half of the survey) is requested to register its purchases for a restricted set of products: meat, fish, and wine for the first group and fresh fruits and vegetables for the second group.
Although the two lists together include nearly all possible food products at a very disaggregated level, the structure of the dataset means that purchasing information is never complete for a given household. In other words, for any given household, expenditures, quantities, and supply prices are missing for some food categories. Complete demand systems cannot consequently be estimated, and it is then impossible to estimate the global impact of price reforms on household behavior, particularly for the product substitutions that these reforms seek to encourage. To solve the problem of data availability resulting from data structuring, we used cohorts, as proposed by Deaton (1985) . How cohorts were constructed is presented below. The complete demand system, based on cohort data, was then estimated using four-week-period data over 1996-2001. To facilitate the estimation procedure and to reduce the number of parameters to be estimated, we grouped food items into 22 categories. We considered carefully how to categorize different foods, taking into account similarities in the nutritional content of the products, consumer preferences, and consumer willingness to substitute one product for another. The following categories of goods were defined: red meat (beef and veal); other meats (poultry, pork, lamb, etc.) ; cooked meats (ham, pâté, sausages, bacon, etc.) ; fish and seafood; eggs; grain products (bread, pasta, rice, wheat flour, and cereals); potatoes; fresh fruits; processed fruits; dried fruits; fresh vegetables; processed vegetables; milk products (milk, cream, yoghurt, dairy desserts, etc.); cheese, butter, and cream; prepared meals (pizza, sauerkraut, cassoulet, etc.); oils; salt-fat products (finger food, chips, crackers, appetizers); sugar-fat products (candy, chocolate, cookies, pastry, ice cream, jam, etc.); mineral and spring waters; fruit juices; other soft drinks (sodas, lemonade, syrups, etc.); and alcoholic beverages (including wine). The online appendix provides a detailed discussion of why we chose this classification.
All the quantities and prices of these categories of goods were expressed in the same units (kilogram and French franc per kilogram) to ensure that the demand model used to estimate elasticity is "closed under unit scaling" (CUUS), meaning that the estimated economic effects are invariant to a simultaneous change in unit, as stressed by Alston, Chalfant, and Piggott (2001) .
We then determined the quantities of the 32 nutrients in the 22 food categories, based on consultations with nutritionists and on the composition tables of food products developed by Favier et al. (1995) . The nutrients of interest are energy (measured in food calories); fat, subdivided into saturated (red meat, egg, whole milk, etc.), monounsaturated (olive oil, canola oil, peanut oil, etc.), and polyunsaturated (oils from corn, soybean, safflower, cottonseed, fish, etc.); cholesterol and alcohol; proteins, subdivided into vegetable and animal protein; carbohydrates; dietary fibers; micronutrients such as vitamin A (retinol and beta-carotene), B vitamins (1, 2, 3, 5, 6, 9, 12), vitamin C, vitamin D, and vitamin E; and minerals (calcium, iron, magnesium, sodium, phosphorus, potassium) .
Cohort Construction
The population is split into homogeneous cohorts based on the following two variables:
(1) A geographical variable that indicates the region of residence of the household.
Adjacent regions where traditions and food-purchasing patterns show significant similarities were grouped together. In particular, we aggregated regions by comparing the main food categories that are over-or underpurchased relative to the associated national av- This variable is based on a household's monthly income with respect to its number of members and to consumption units defined by the Organisation for Economic Co-operation and Development (OECD). This classification scheme comprises four modalities: well-off, those households with the highest levels of income; average upper, households whose income is above the national average; average lower, households whose income is below the national average; and modest, households with low income levels. The intervals of household monthly income chosen by TNS Worldpanel data to characterize the four income classes are provided in the online appendix.
This set of variables enabled us to detect the likely differences in dietary patterns across income and regions of residence. We established 24 cells, which represent typical households for a given region and income level. Table 1 provides descriptive statistics of the number of households in cells.
Estimation of the Unobserved Data
We addressed the problem of unobserved data by using cohorts. Unobserved quantities purchased and expenditures in the 22 food categories defined above were estimated for 13 four-week periods over six years. The estimates were based on the mean purchase and price values over all households in a given cohort, as detailed below.
Estimation of Unobserved Quantities and Expenditures
In the following discussion, S k , k = 1, 2, 3 stands for, respectively, the subpanel corresponding to Group 1 (meat, fish, and wine), the sub-panel corresponding to Group 2 (fresh fruits and vegetables), and, finally, the subpanel of products that are registered by all households. Note that a household appears either in both subpanels S 1 and S 3 or sub-panels S 2 and S 3 . Moreover, we denote P(i) = S l if i ∈ S l . So writing h ∈ P(i) (respectively, h ∈ P(i) c ) means that the household h has (respectively, has not) registered the product i.
In the TNS Worldpanel dataset, we never observe the full consumption of any given household basket. Thus, items were aggregated at the cohort level using the following procedures: For a given cohort c ∈ {1, ...,C = 24}, at time t ∈ {1, ..., T = 78}, we observe N c,t households in the corresponding cohort denoted H c,t . Let Y iht be some variable of interest in a food category i of a household h at period t that is observed only in the subpanel S l , l = 1, 2, 3. The unobserved value for a household h at period t who belongs to the cell H c,t but who does not register the product i is predicted by the mean Y ict , over the households in a cell c at period t to whom product i is registered.
Estimation of Unobserved Prices
As with food quantities purchased, supply prices are not completely captured in the TNS Worldpanel database. Generally, food prices are approximated by unit values obtained by dividing expenditures by quantities purchased for a given good. In the present study, however, unit values cannot be calculated for each household since we do not observe all the expenditures and quantities purchased for any given household. Second, the unit value is not the supply price of a good, as it reflects both its average market price and consumer choices of food quality: two different households subject to the same pricing scheme may well exhibit different unit values because food items purchased by households have different qualities.
We addressed the first problem by approximating the unobserved quantities and expenditures for any given household using the cohort method described above. Yet unlike unobserved quantities and expenditures, unit values were constructed across regions to capture variations in market prices induced by transportation costs. This means that unit values within regions are constant. This aggregation process also attenuated the second problem. The unit values that it provided are used below as prices for households.
The second problem was further addressed using a procedure similar to that of Park and Capps (1997) . Prices were quality-adjusted by regressing the log of unit values on total household food expenditures and household characteristics that may affect the choice of food quality, such as income level, household composition and size, and the education level of principal earner. We found significant food-quality effects for all food groups, with the exception of red meat, fish, potatoes, processed fruits and vegetables, fruit juices, milk products, and salt-fat products, at the 5% level. However, these effects are much smaller than those obtained by Huang and Lin (2000) since our study aggregated data over a longer period of time (four weeks vs. seven days) and for a larger group of consumers (aggregated across cohorts vs. no aggregation). The estimated food-quality effects across income can be found in the online appendix.
Aggregating the AI Demand System: A Cohort Model
The total household food expenditure cannot be directly calculated for a given household in the TNS Worldpanel database. As a consequence, this variable must be extrapolated for each cell. In the following discussion, we describe the AI model and propose a simple model for estimating the total household food expenditure of each household as well as the shares that will be compatible with the aggregation of the AI demand system. The consequences of the aggregation for the estimation, in terms of bias and heteroscedasticity, are carefully examined in the last subsection.
The AI Model
We focus here on a standard AI demand system developed by Deaton and Muellbauer (1980) . Quadratic AI demand systems (Banks, Blundell, and Lewbel 1997) are more flexible, but the nonlinear quadratic term in these models makes them difficult to aggregate and estimate when considering cohorts. However, Banks, Blundell, and Lewbel show that the AI demand system is unlikely to be rejected for most food items. Other models, particularly in the framework of an incomplete demand system, have been proposed by LaFrance (1990) , LaFrance et al. (2002) , and Beatty and LaFrance (2005) based on the work of LaFrance and Hanemann (1989) . The purpose of these models is essentially to propose incomplete demand models consistent with standard microeconomic theory. To avoid some complications induced by the nonlinearities in their models (see, for instance, the box-cox transformation model proposed in LaFrance et al. 2002) , we did not apply any nonlinear transformation to our data prior to analyzing it. Another reason for not using this kind of model is that our database contains gaps in the unit values for all the households in our database. We now recall a few facts about the AI demand system.
In the framework of the household production model, the consumption behavior at the household level during period t can be described with an AI demand system by replacing unit values for prices. As such, in this framework, the budget share w iht , for product i, household h, and time t is given by 
The variable v iht stands for the unit value of a category of goods i for household h at period t. The variable x ht stands for the total expenditure of household h at period t; and α i , γ i , and β i are the parameters to be estimated. To take into account the heterogeneity of behavior, the parameter µ ih is modeled as a linear form
Z h } the set of all explanatory variables for the share w iht . It may be proved that this system is derived from some cost minimization if it satisfies the restrictions imposed by the properties of demands, i.e., additivity, homogeneity of degree zero in prices and total household food expenditures together, and the symmetry of Slutsky's matrix. This implies the well-known additivity constraints ∑ 
follows that the u iht perturbations are not independent. However, it is assumed that if we drop one share then the u iht perturbations are independent conditionally to the whole information I iht . Of course, this is a strong assumption that can be tested in future works.
Even if these residuals are independent, they may not be identically distributed because of product or temporal effects.
The Underlying Cell Models
The AI demand system is based on budget share, which we cannot calculate at the household level in the present study because our database does not capture total household food expenditures. Nevertheless, we have sufficient information in our dataset to predict budget shares by aggregating over cells.
We assume that the expenditure of a household h to purchase a product i at time t essentially depends on the characteristics of the cell to which the household belongs
Here, the x ict should be seen as the parameters of the model, i.e., the quantities to be predicted. To simplify, we assume that the expenditures of households are not correlated to each product. We also assume that the expenditures of any household in a given cell are not correlated over time. This is partially true insofar as the households that belong to H ct are generally not the same and are independent from the ones in H ct , for t and t fardistant. We take into account that the partial correlation in a short period would make the estimation procedure more difficult. For a given household, ε
For a given product i and a time t, an estimator of x ict is given by
is the number of households in a cell c at time t for which product i is registered. So, the best predictor of x iht of a household that belongs to H ct and for which we do not observe
, is x iht = x ict . It follows that total expenditure for a given household is predicted in an unbiased manner by
where I A stands for the indicator function of event A. Similarly, we define the total predicted expenditure over a cell as
where N ct is the number of households in the cell c at period t.
Finally, the predicted household shares are given by w iht =
x iht x ht if h ∈ P(i) ∩ H ct , and 
Aggregation of the AI Demand System Over Cells
For aggregating the model, it is better to write the shares over cells w ict as the weighted sums of household estimated shares. A simple calculation shows
and satisfies ∑ h∈H ct θ hct = 1. Gardes et al. (2005) propose the same aggregation process, but the main difference in their approach is that, in our study, the total household food expenditure is not known and θ hct estimates the true share θ hct . By aggregating model (1) over cells, i.e., by reweighing the shares with the estimated values θ hct , for h ∈ H ct , we get
where Z ct = ∑ N ct h=1 θ hct Z h is the weighted mean characteristic of a cell. By recalling the constancy of unit values within regions, the log unit value of product j over a cell c in region r, we have ln v jct = ∑ N ct h=1 θ hct ln v irt = ln v irt . The weighted mean total log expenditure of a cell is equal to ln x ct = ∑ N ct h=1 θ hct ln x ht , and, similarly, the weighted mean price index over a cell c in region r is equal to
In the end, we note that, since
Estimation of the Aggregated Model
The aggregated AI demand system is estimated using the iterated least squares estimator developed by Blundell and Robin (1999) . This amounts to iterating a series of ordinary least squares regressions until convergence on the parameters is reached. Within each iteration, the estimation is performed equation by equation while imposing the constraints of additivity, homogeneity, and symmetry. Therefore, in the present study, in contrast to
Blundell and Robin's approach, the symmetry constraint is directly imposed. 6
The main problems in the estimation step are bias and heteroscedasticity, both of which result from the use of estimated variables instead of the true variables, as well as the potential endogeneity of total household food expenditure, as stressed by Blundell and Robin (1999) , and Lecocq and Robin (2006) . These problems are solved as follows:
(1) Induced bias: Estimating budget shares and expenditure causes a bias problem, but its is negligible as we highlight just below. Recall that w ict = ∑ N ct h=1 θ hct w iht is unknown and is replaced by the predictor w ict . More precisely, if we define ε
iht . This creates a bias term-as well as an additional source of heteroscedasticity (see below)-that can be approximated to the first order (see the online appendix) by
This bias is eventually negligible regarding the magnitude of x 2 ct , and we do not need to take it into account in the estimation.
(2) Heteroscedasticity: Due to the aggregation process, the new model becomes heteroscedastic. Notice that, if the u iht is i.i.d., then the variance of the aggregated residual
In this case, it is possible to correct for most of the heteroscedasticity simply by multiplying each variable defined at the cell level by the square root of the size of the cell. However, if the residual can be decomposed into some fixed effects and a mixed effect, say
, where the components are centered and independent, then, by aggregation, we get
and fixed variances for the other components. In addition, it is also worth noting that ε (2) ict , the error introduced by using predictors instead of the true values, may be interpreted precisely as a cross effect of the form u * it . It follows that, if the products and temporal effects are large, then the heteroscedasticity should not be corrected by multiplying the equations by √ N ct because this would lead to even greater heteroscedasticity. In these circumstances, for reasons that are unclear, the aggregation process tends to reduce the variance inside the cell (the intravariance), but the imputation process tends to increase the variance of the predictor of the total household food expenditure and, therefore, of the shares. Since we want to obtain robust estimates, we will essentially use standard two-step methods and generalized least square estimators to correct for the heteroscedasticity.
(3) Endogeneity of total household food expenditure: The log total household foodexpenditure variable ln x ct and regression residuals u ct may be correlated for at least one of the following two reasons: First, either because of simultaneity of the determination of total household food expenditure and budget shares, since common shocks may determine both taste and total household food-expenditure changes, and/or second, because of unobserved heterogeneity. Following Blundell and Robin (1999) , the first likely source of correlation is usually controlled for by means of instrumental variable techniques, using income as an instrument for total household food expenditure. In particular, we augment the AI demand system specification with the residuals υ ct of the regression of the total household food expenditure ln x ct on sociodemographic variables Z ct , prices ln v irt , and the logged income of cohort c at period t, denoted by ln y ct = ∑ N ct h=1 θ hct ln y ht . The second likely source of correlation is corrected as in Lecocq and Robin (2006) .
Following Mundlak (1978) , they show that unobserved heterogeneity can be fully taken into account by integrating the means of the log of income and the log total house-hold food expenditure for each cell c in the set of sociodemographic variables Z ct , i.e., Finally, we estimate the following aggregated AI demand system over cells, in region r
Z * ct is composed of two sets of variables: (i) one that contains the variables υ ct , ln y c• , and ln x c• to correct the likely endogeneity of total household food expenditure, and (ii) a set of sociodemographic factors that may influence consumer food choices. Sociodemographic variables include the education level of principal earner (no diploma, low degree of diploma, level of bac, bac, and higher degree); urbanization (rural town, small city less than 10,000 inhabitants, city less than 50,000 inhabitants, city less than 200,000 inhabitants, big city, and Paris and its suburbs); the proportion of households in the cell that have a garden, a cellar, and home ownership; and age ranges of children in the household (0-5, 6-10, 11-15, and 16-18) . 7 We also include the proportion of households in the cell that have at least one child younger than 18. Finally, four-week and annual dummies are introduced in the model. Table 2 displays some descriptive statistics for these variables.
These variables are then aggregated over cohorts.
Estimation and Elasticities

Estimation of the AI Demand System
Table 3 presents some descriptive statistics for expenditure shares and unit values in French francs per kilogram (1 euro was taken to equal 6.55957 French francs). Table   3 also displays the standard errors of the regressions, denoted by RMSE. The close correspondence between simulated values and sample observations indicates that our estimated AI demand system is reliable for use in estimating demand elasticities. The goodness-offit appears to be satisfactory in the standard of analyzing household survey data, with R 2 value in a range of 0.82 to 0.24. In addition, biases due to unobserved heterogeneity are detected. Table 3 shows that ln x c• is significant for all food items except red meat, cooked meat, eggs, potatoes, fruit juices, dried fruits, processed vegetables, cheese/butter/cream, soft drinks, and water; and ln y c• is significant for all groups except fish, eggs, potatoes, processed fruits and vegetables, fruit juices, and alcohol. As Lecocq and Robin (2006) also suggest, these results show that the usual instrumentation by income, proposed by Blundell and Robin (1999) , is not sufficient on its own to control fully for the endogeneity of total food expenditure in the AI demand system. Given the number of food categories, and the large number of sociodemographic variables, the coefficient estimates are not reported here, but they are available in the online appendix. We found that the higher the education level of the head of the household, the more the food budget will be allocated to fresh vegetables and fruits, milk products, cheese/butter/cream, and the less it will be allocated to meat, cooked meat, and alcohol.
Having a child younger than 18 contributes significantly to increased purchasing of meat, dairy products, prepared meals, cheese/butter/cream, sugar-fat products, and soft drinks, but to decreased purchasing of fish, fresh fruits and vegetables, and alcoholic beverages.
However, if we focus our attention on households with children aged 0-5, our estimates showed that significantly more of the food budget will be allocated to fresh fruits and fish, and less to meat and cheese/butter/cream.
Demand Elasticities
Following the approach of Banks, Blundell, and Lewbel (1997) , we calculate un- The elasticities are calculated using the average estimated shares and the mean point of the other variables for each income class. Total expenditure elasticities are reported in the online appendix. To save space, table 4 reports the estimated own-and cross-price elasticities for selected food categories across income class that will be useful later; it gives the percentage of change in quantities purchased for the 22 food categories by modifying the prices of fresh fruits and vegetables, fruit juices, milk products, cheese/butter/cream, prepared meals, sugar-fat products, and soft drinks by 1%. Results are fully reported in the online appendix. In the latter, we show that all of the own-price elasticities are negative, except for alcohol for modest households, and almost all are significant and below one, except for red meat, fish, dried fruits, prepared meals, salt-fat products, and water. Furthermore, own-price elasticities for grain products, fruits, fruit juices, vegetables, and milk products are comparable to those reported by Huang (1996) . We also found that modest households are significantly more sensitive than well-off households to own-price change for fish, dried fruits, milk products, cheese/butter/cream, oils, sugar-fat products, and mineral and spring waters but less sensitive for fresh vegetables and fruits and alcohol. Table 4 shows substantial disparities across income class for fresh vegetable and fruit own-price effects, as Bertail and Caillavet (2008) also found, while we get no disparity across income class for own-price effects of fruit juices. Another insightful result is that decreasing the fresh vegetable price strongly decreases potato purchases and to a lesser extent salt-fat product purchases. Note also that increasing the soft drink price brings about a fall in potato, prepared meal, and salt-fat product purchases. This result is interesting because sodas are generally drunk while eating these products. We found that the increase in the soft drink price benefits fruit juice purchases. These results may give some argument in favor of a tax on other soft drinks, as Jacobson and Brownell (2000) proposed; however, the levels of the corresponding price elasticities are quite weak. More comments are given in the online appendix.
Nutrient Elasticities
The nutrient elasticities are calculated following the approach of Huang (1996) The crucial finding was that nutrient price elasticities are inelastic, as Huang and Lin (2000) and Beatty and LaFrance (2005) also found. Here, in table 5, to save space, we display only energy, saturated and polyunsaturated fat, sodium, calcium, beta-carotene, vitamin C, and magnesium elasticities for the 22 food categories across income class. All of the nutrient elasticity values can be found in the online appendix. As shown in table 5, decreasing total energy purchased involves reducing the price of all food, except fish. Another interesting point is that we estimated disparities in energy elasticities across income class for the majority of food categories. In particular, for sugar-fat products, we found that energy elasticity is 34% higher for modest households than for well-off households.
We also found that energy purchased for well-off households is particularly sensitive to changes in the price of prepared meals and cheese/butter/cream, whereas modest households are sensitive to changes in the price of prepared meals and sugar-fat products. Table   5 displays disparities across income class for saturated-fat elasticities. Again, this disparity is particularly noticeable for sugar-fat products. We also estimated that saturated fat purchased falls by decreasing the price of the other meat category, which is characterized by a lower saturated-fat content than red meats. Increasing cheese/butter/cream and sugar-fat product prices also reduces households' purchases in saturated fat, and at the same time increases their purchases in polyunsaturated fat. A detailed discussion of the trade-offs between the nutrients is provided in the next section.
Simulation of a Fat Tax
In this section we examine whether a fat-tax policy can alter French households' purchases of calories, as well as the consequences of such a policy on the purchases of other nutrients. As Chouinard et al. (2007) point out, the assessment of the impact of a fattax policy is relevant only if we assume that it is fully passed on to consumers in prices and that the food industry and retailers make no other responses. Our examination will therefore represent the maximum impact of the tax. The fat tax considered in this article consists, as French State policy makers recently proposed (IGF-IGAS, 2008), in increasing the value added tax (VAT) of the targeted food categories by τ. Following Nichèle and Robin (1995) , the new price of food item i after the implementation of the fat tax is now equal to v ir,1 = (1 + τ 1+VAT )v ir,0 , where v ir,0 stands for the pre-tax price. 8 The VAT rate is assumed, for simplicity's sake, to be equal to 5.5% for all food items, except for alcohol, which is equal to 19.6%. 9 The fat tax impact was appraised by calculating (1) the implied percentage of change in nutrient quantities purchased, and the short-and long-run effect on body weight, (2) the implied level of revenue raised per household and at the national level, and (3) the short-run welfare cost. Below, all the quantitative effects are calculated at the average point over time for an increase of targeted food category prices by τ 1+VAT = 10%.
Which food categories should be taxed to reduce energy purchased?
Taxing all food products high in energy is of course politically unrealistic. We must, therefore, determine which food category (or categories) to tax to have the highest impact on calories purchased. We have two ways of answering this question. First, we can analyze the contribution of each of the 22 food categories to total energy, and, second, the corresponding nutrient elasticities. The first analysis reveals interesting differences in the sources of energy across income and may, therefore, provide insightful information to food-policy makers. Each food category's share of the 32 nutrients can be found in the online appendix. We noted interesting disparities in the main sources of energy purchased across income groups. In particular, for well-off households, the food with the highest share of energy is the cheese/butter/cream category, which provides 14.94% of total energy purchased, compared to 14.02% for modest households. For modest households, the category with the highest share of energy is sugar-fat products, accounting for 16.86% of total energy purchased, compared to 13.56% for well-off households.
The analysis of energy elasticities given in the previous section provides further support to the previous analysis, and additional information. Indeed, table 5 shows that if we want to reduce the total energy that households purchase, the most efficient (less than -0.10%) way to do so is to increase prices of prepared meals, cheese/butter/cream, and sugar-fat products. Modifying cooked meat price could be relevant also.
Ultimately, as we see from the two previous analyses, taxing cheese/butter/cream, sugar-fat products, and prepared meals will have the greatest impact on households' total energy purchased. An additional effect of taxing these food categories is that they are the main sources of saturated fats purchased.
The Effects of a Fat Tax
Marshall (2000) and Mytton et al. (2007) assessed the effects of imposing a tax on cheese/butter/cream and sugar-fat products on nutrients purchased in Great Britain. Chouinard et al. (2007) estimated the effects of a fat tax on dairy products in the U.S.
But these studies focused attention on only a few nutrients (saturated fats for Marshall, poly-, mono-and unsaturated fats, cholesterol, and sodium for Mytton et al., and fats for Chouinard et al.) . For France, Bonnet, Dubois, and Orozco (2008) simulated the impact of a fat tax on calories, protein, lipids, and carbohydrates purchased by estimating the price elasticity of BMI. To the best of our knowledge, the present study is the most complete assessment that has been carried out in France.
(1) Impact on nutrients purchased. Given how nutrient elasticities are constructed, the percentage of quantity change in nutrient l, caused by a price variation in food category i, is equal to τ 1+VAT Nut li,c . If the tax affects a subset I of food categories, or in other words, if the reader would like to assess the percentage of change brought about by a tax on several food categories, then the latter value is equal to τ 1+VAT ∑ i∈I Nut li,c . Note also that change is proportional to the price increase. Table 6 reports the percentage of quantity change in total nutrients purchased for modest and well-off households if cheese/butter/cream, sugar-fat-product, and/or prepared-meal prices increase by 10%, over a four-week period.
Two major results can be underlined. First, taxing these food categories decreases total energy, as targeted. This is mainly due to a fall of fats purchased, especially saturated fat.
At first glance this result could seem to be a mechanical effect or quite intuitive. However, the effects of a fat tax on nutrients purchased is difficult to predict given that food purchases are highly interdependent; taxing food to reduce total calories purchased could lead to the opposite effect as a result of cross-price elasticities, as illustrated by Mytton et al. (2007) in the case of a tax in the U.K. based on foods high in saturated fat and by Schroeter, Lusk, and Tyner (2008) in the case of a tax in the U.S. based on food consumed away from home. Furthermore, the magnitude of the effects of a tax based on the three food categories is comparable to that reported by Mytton et al. (2007) for their best outcome: they found that extending the VAT to food items high in saturated fat (their "best outcome") leads to a percentage of change in energy purchased equal to -6.1% (we found 6.0 and 6.4% for well-off and modest households, if we set τ 1+VAT = 17.5%). Second, we found, as expected in light of the nutrient elasticity disparities described above, that a tax on sugar-fat products has quite different impacts on total nutrients purchased depending on income class. In particular, we assessed that a 10% increase in the price of sugar-fat products decreases household total energy purchased by 0.79% for well-off versus 1.20% for modest households.
If we turn to the results in detail, table 6 shows that taxing prepared meals has the highest effect on total energy purchased. This tax leads to additional nutritionally beneficial effects for sodium, retinol or vitamin A (mainly found in fruits and vegetables), betacarotene (which is consistent with the result that prepared meals and fresh vegetables are substitutes, see table 4), and vitamin D (mainly found in fish, and so consistent with table 4). However, these positive effects are at the expense of vegetal protein, polyunsaturated and monounsaturated fat, and vitamins B1, B6, and E. Table 6 shows that taxing the cheese/butter/cream category has the second highest impact on calories purchased for well-off households, while for modest households it is taxing sugar-fat products. A very appealing effect of taxing these two food categories is that the percentage drops in saturated fat and cholesterol are among the highest falls. Another outstanding result is that, in contrast to taxing prepared meals, taxing these two food categories increases the polyunsaturated fat purchased, especially for well-off households. This is consistent with the result displayed in table 4, which shows that cheese/butter/cream (sugar-fat products) and oils are substitutes. As with prepared meals, taxing these two food categories reduced sodium, but to a lesser extent. Interestingly, for modest households, the strongest decrease in sodium resulted from taxing sugar-fat products, while for well-off households it is from taxing cheese/butter/cream. Taxing cheese/butter/cream also resulted in a positive effect on purchases of beta-carotene and vitamin E (found mainly in oils). However, these positive effects were offset by a negative effect on purchases of all other vitamins, calcium, magnesium, potassium, and phosphorus.
Although it is hard to assess the effects of these taxes on health, we can approximate their effects on weight in the short and long run based on a biological model proposed by Kozusko (2001) , which defines the body weight dynamic. The details of calculation and results for different types of consumers (classified by gender, age, and lifestyle) are given in the online appendix. We estimated, based on the average family size in France of 2.3, that increasing the price of cheese/butter/cream (prepared meals; sugar-fat products) by 10% would reduce total calories purchased by an individual, living in a well-off or modest household, on average to 16.65 and 17.58 (19.30 and 19.25; 10.69 and 18.02) belonging to a well-off household, whose total energy expenditure equals calorie intake before the implementation of a 10% tax on prepared meals. Following the implementation of this tax, his weight would decrease by 56 g after one month, 559 g after one year, and after seven years and six months he would weigh 68.9 kg. Taxing all three of the targeted food categories would decrease the body mass of the same consumer by 136 g after one month, 1.351 kg after one year, and finally, almost nine years after implementation of the fat tax, he would weigh 67.3 kg. We wonder whether consumers would be patient enough to benefit from these long-term health effects, given that they would feel worse off in the short run, since they would consume less without immediate substantial effects on their weight. Etilé (2008) , who estimated the price-BMI relationship in France, found comparable long-term effects of a fat tax on body weight. 1+VAT Q jc,0 of food categories i and j purchased. Despite the small impact on nutrient purchases, we found quite a substantial boost in tax revenue: a 10% raise (or equivalently τ = 0.1055) in the price of cheese/butter/cream (prepared meals; sugar-fat products) brings about an increase of tax revenues equal on average to e1.80 (e1.07; e1.60) and e1.86 (e1.09; e2.15) per household and four-week period for well-off and modest households, respectively. The corresponding additional national tax revenues, calculated for the average household, are e45.64 million (e25.96 million; e45.55 million), given that the 1999 census counted 23.8 million households in France. To demonstrate the importance of these fat taxes on revenue, we calculated the percentage increase in tax revenue when France goes from an economy without fat tax to an economy with a 10% fat tax. We found that government revenue increases by 16.3%, 9.26%, and 16.59%, respectively. These substantial effects are due to highly inelastic price elasticities. If the tax is implemented over the three targeted food categories, the government gets additional tax revenues equal to e4.31 and e4.96 per household and four-week period from well-off and modest households, respectively.
(3) Impact on short-run welfare. The short-run welfare cost is defined as the fall in total household food expenditures that a household living in an environment with no tax is willing to accept while remaining indifferent to living in an environment with a tax. This definition means that the welfare assessment does not include the long-term effects of the tax on household physical health. Its measurement for the aggregated AI demand system is presented in the online appendix. We estimated that modest and well-off households would be willing to accept on average a total household food-expenditure reduction of e2.27 (e1.38; e1.28) and e2.30 (e1.41; e4.33) per four-week period, respectively, instead of facing a 10% tax on cheese/butter/cream (prepared meals; sugar-fat products). So, first, welfare costs vary greatly across income levels when sugar-fat products are taxed. Second, they are higher than the tax revenue for cheese/butter/cream and prepared meals, and, especially for modest households, for sugar-fat products. At the national level, we found that the welfare costs of taxing cheese/butter/cream (prepared meals; sugar-fat products), calculated for the average household, are equal to e57.36 million (e33.45 million; e39.51 million).
How regressive are these fat taxes? We assessed that the regulatory burdens (defined as the four-week equivalent variation of a household's four-week income ratio) of a tax based on cheese/butter/cream (prepared meals; sugar-fat products) are equal, on average, to 0.068% (0.041%; 0.038%) for well-off households, 0.11% (0.058%; 0.068%) for average upper households, 0.15% (0.083%; 0.11%) for average lower households, and 0.22% (0.14%; 0.42%) for modest households. Like Chouinard et al. (2007) , we found that this kind of political instrument used to modify households' nutrients purchased can be extremely regressive, as illustrated for sugar-fat products.
Discussion
This study questioned the relevance and efficacy of a fat-tax policy in influencing households' nutrients purchased by estimating a complete food demand model. We developed a cohort model by aggregating an AI demand system over cohorts, and we precisely analyzed how the aggregation process affected estimations in terms of bias and heteroscedasticity. As the number of data sources available to researchers increases, the cohort method developed here may be especially useful for combining information obtained from two or more samples drawn from the population. It should be particularly helpful when there is no single sample that contains all relevant variables, as when economists want to combine administrative datasets.
Our general approach was applied to the French subpanels of the TNS Worldpanel for the period 1996-2001. We showed that price elasticities and the resulting nutrient elasticities are inelastic, and so we concluded that a fat-tax policy is unsuitable for substantially affecting the nutrients purchased by French households, and leads to ambiguous effects. Furthermore, although it would generate a large tax revenue, the fat tax is extremely regressive.
All assessments of fat-tax policy so far have assumed a fixed set of food products, thereby excluding the possibility of changes in the food industry in response. If a tax is implemented, how would the food industry hedge the tax? Two strategies are possible. First, the food industry might change the nutritional quality of the taxed products to smooth retail prices and avoid a decrease in sales. Second, the industry might modify the composition of the taxed products by substituting more expensive components and/or implementing new industrial production processes, thereby making the innovative product less affordable for modest households. These likely strategies would aggravate socioeconomic disparities in the nutritional quality of food selection and could have major implications for health, given that nutrition is related to the development of certain chronic diseases. Thus, food policy makers need to keep in mind that a fat-tax policy might have perverse effects insofar as it could exacerbate nutritional disparities among consumers.
Finally, given the small and ambiguous impact the fat tax has on nutrients purchased, its regressive nature, and its likely perverse effects, we wonder whether it might not be more effective to hold it out as a threat to spur the food industry to voluntarily reduce calories via a decrease in saturated-fat content in food products. We calculate that if saturated fat in the cheese/butter/cream category were voluntarily reduced by 1%, saturated fat purchases would fall on average by 0.39% per household per four-week period, all else equal (particularly prices 10 and average quantities purchased), versus 0.17% if the prices of items in the cheese/butter/cream category were raised by 1%. The twin goals of a fat-tax policy are to decrease the sale and consumption of unhealthful foods, and to raise revenue aimed at supporting programs to improve diet and prevent obesity. Based on our findings, we believe that, for the first goal, the threat of imposing a fat tax may well be more beneficial for French consumers than the actual imposition of one; and for the second goal, although such a tax does indeed raise substantial revenues, it is unacceptably regressive.
Notes
1 Taxing food to reduce total calories purchased could lead to the opposite effect as a result of cross-price elasticities, as illustrated by Mytton et al. (2007) and Schroeter, Lusk, and Tyner (2008) .
2 Another quite stimulating alternative is the discrete choice demand model proposed by Griffith and Nesheim (2008) . 3 The first program was implemented in 2001. Chern and Rickertsen (2003) provide interesting articles on the impact of health information on food demand. 4 However, in some cases, an incomplete system provides a relevant approximation for assessing the global effects of a tax on a specific group of products on particular nutrients purchased, as shown by Chouinard et al. (2007) in the case of the impact of a tax based on dairy products on U.S. households' fat purchases. 5 Another advantage of considering cohorts of households is that we never observe null mean purchase for the categories of products considered. 6 In Blundell and Robin (1999) , the symmetric restricted parameters are obtained in the second step of the estimation using a minimum distance estimator. 7 The reference modality for each socioeconomic variable is in italics. 8 VAT is imposed on all food items in France and is a fixed proportional addition to the producer price v ir , such that v ir,0 = (1 +VAT ) v ir . 9 A VAT of 19.6% is actually charged on sweets, margarine, vegetable fats, caviar, and certain kinds of chocolate (milk, hazelnut, and white) in France. Note: An asterisk shows that we can reject the null hypothesis that the bias is zero at the 5% level. Note: The table shows the effect on the purchases of the food category shown in column given that the price of the selected food category changes. An asterisk shows that we can reject the null hypothesis that the elasticity is zero at the 5% level. a By targeted products, we mean cheese/butter/cream, prepared meals, and sugar-fat products.
Note: The table shows the effects on nutrients purchased given that the price of the food category shown in the column changes.
